We quantify the importance of endogenous peer effects in group lending programs by estimating a static game of incomplete information. Endogenous peer effects describe how one's behavior is affected by the behavior of her peers. Using a rich dataset from a group lending program in India, our empirical analysis presents a robust finding of large peer effects. The preferred model suggests that the probability of a member making a full repayment would be 12 percentage points higher if all the fellow members were to make full repayment compared with a scenario in which none of the other members repay in full. We find that peer effects would be overestimated without controlling for unobserved group heterogeneity and that inconsistencies exist in the estimated effects of other variables without modeling peer effects and unobserved heterogeneity.
INTRODUCTION
Since the establishment of the Grameen Bank in Bangladesh in 1976, the practice of group lending has been widely adopted in microfinance programs in developing countries as an important tool to provide credit to the poor. Different from conventional individual lending, a loan in group lending (or joint liability) is granted to a group of borrowers and the whole group is liable for the debt of any individual member in the group. This practice allows the lenders to largely rely on accountability and mutual trust among group members, rather than financial collateral to insure against default. Given that the poor often do not have appropriate financial collateral to offer, group lending programs offer a feasible and even profitable channel to extend credit to the poor, who are usually kept out of traditional banking systems.
This paper provides, to our knowledge, the first structural analysis of endogenous peer effects in group lending programs. We model repayment decisions of group members using a static game of incomplete information and estimate the game based on a rich dataset from a group lending program in India. Numerous theoretical studies exist with the aim of explaining the success of group lending. Most of these studies employ a game-theoretical framework where members in a group are assumed to make their repayment decisions strategically. 1 The success of group lending has been attributed to, among other things, the ability of such groups to mitigate adverse selection and moral hazard through peer effects. Peer effects could operate and manifest through peer selection, peer monitoring and peer pressure, all of which could mitigate the information asymmetry problem in credit markets and are less costly than the tools available to formal institutions in achieving the same goals. The process of peer selection tends to screen the more risky households out of a group lending program. Through peer monitoring, members in a group can effectively monitor others' usage of a loan and reduce ex ante moral hazard (e.g. risky investment). Peer pressure refers to the influence peers can exert on enforcing repayment and mitigating ex post moral hazard (e.g. deliberate default). The effectiveness of these channels hinges on the premise that group members living in close-knit poor communities can effectively identify, as well as punish, irresponsible members and deliberate defaulters through social penalties.
From empirical standpoints, peer effects can be categorized into endogenous peer effects and contextual peer effects depending on the channel through which peer effects operate (Manski, 2000; Brock and Durlauf, 2007) . Endogenous peer effects capture the fact that one's behavior (e.g. repayment decision) could be directly affected by the behavior of her peers. Contextual peer effects relate to how characteristics of a group affect its members' decisions. The distinction of these two types of peer effects has important policy implications because endogenous peer effects give rise to 'multiplier effects' through the feedback in member behaviors whereas contextual effects do not. In the remainder of the text, we use peer effects and endogenous peer effects interchangeably and refer to contextual peer effects as just contextual effects.
Despite a rich theoretical literature, there is a lack of empirical work on microfinance, especially in examining the importance of endogenous peer effects. Although it is recognized that strategic interactions among members and endogenous peer effects could be critical elements in group lending programs, they have not been modeled explicitly in existing empirical studies. Most empirical studies treat a group as a decision maker and employ single-agent choice models such as logit and tobit. They use various indicators on group heterogeneity and social ties to capture peer effects. Sharma and Zeller (1997) study how the proportion of members in the group that are relatives affects repayment rate at the group level. The performance of group loans has also been examined against the degree of homogeneity defined over social economic characteristics and family ties by Paxton et al. (2000) , and social ties measured in various ways by Wydick (1999) and Hemnes et al. (2005) . Unlike the aforementioned studies, Karlan (2007) examines repayment decisions of individual members and uses geographic proximity to capture contextual peer effects.
The approach undertaken thus far in the empirical literature can probably be attributed to the following two reasons. First, incorporating strategic interactions into a discrete choice model is empirically challenging. As will be discussed in more detail in the model and estimation sections, it inevitably produces a nonlinear model with an endogenous variable that characterizes the repayment decisions of other members in the group. Second, data of group lending programs with detailed member information that are suitable for a game-theoretical framework are not easy to obtain.
Unlike previous empirical studies, our focus is to examine endogenous peer effects by explicitly modeling strategic interactions among group members in the repayment stage. We model repayment decisions of group members in a static game of incomplete information in which members make their repayment decisions simultaneously based on their individual characteristics (some of which are unobserved by other members), group-level characteristics, as well as their expectations of other members' repayment decisions. We estimate the game by the simulated maximum likelihood method with a nested fixed-point algorithm, which recovers equilibrium repayment probabilities for all members in the game. These repayment probabilities are then used to form the likelihood function. Our estimation strategy follows the growing literature in estimating discrete-choice games such as entry games in industrial organization where one firm's payoff from entry is affected by other firms' entry decisions.
Using a rich dataset from a group lending program in Andhra Pradesh in India, our structural estimation suggests strong endogenous peer effects in repayment decisions of program participants: the probability that a group member making a full repayment would be 12 percentage points higher if the member is in a group where all the fellow members repay in full than if she is in a group where no fellow members make full repayment, ceteris paribus. The endogenous peer effects give rise to a multiplier effect of about three based on our parameter estimates. Our empirical results also highlight the importance of explicitly modeling peer effects and controlling for unobserved group heterogeneity in empirical studies of group lending programs by showing that, without doing so, large inconsistencies could arise in the estimated effects of other variables on repayment decisions.
GROUP LENDING AND PEER EFFECTS
The origin of group lending can be traced back to 1976 when the 2006 Nobel Peace Prize winner, Muhammad Yunus, started the Grameen Bank Project, a lending project in several villages in Bangladesh. The goal of the project is to examine the feasibility of a credit delivery system (Grameen Bank) specifically targeted to the rural poor, who often do not have financial collateral and cannot obtain credit from conventional banks. Instead of requiring collateral, group lending employs a group-based credit approach and relies on peer effects within groups to ensure repayment. The project has achieved great success in delivering credit to the poor while attaining an almost 100% repayment rate. The achievement of Grameen Bank in Bangladesh has inspired similar endeavors in more than 40 developing countries, including one of Bangladesh's neighbors: India.
In 1992, India's National Bank for Agriculture and Rural Development organized 500 self-help groups (SHGs) composed of only women as a pilot program for delivering credit to the poor. Since then, the SHG program has witnessed tremendous growth that brought about one of the world's largest and fastest-growing networks for microfinance. In 2007, some 40 million households were organized in more than 2.8 million SHGs that borrowed more than US $1 billion of credit from banks in 2006-07 alone (Reserve Bank of India, 2008) . Cumulative credit disbursed to SHGs amounted to some US $4.5 billion (or about 10% of total rural credit) in India (Garikipati, 2008) .
The SHG model in India combines saving generation and micro-lending with social mobilization. In this model, women who live in the same village voluntarily form SHGs with the understanding of a joint liability mechanism. A typical SHG consists of 10-20 members who meet regularly to discuss social issues and activities and, during these meetings, deposit a small thrift payment into a joint bank account. Once enough savings have been accumulated, group members can apply for internal loans that draw on accumulated savings at an interest rate to be determined by the group. Having established a record of internal saving and repayment, the group can become eligible for loans through a commercial bank, normally at a fixed ratio (typically starting at 4:1) to its equity capital.
The microfinance groups under study are located in Andhra Pradesh in India. Besides thrift savings and obtaining credits, SHGs in Andhra Pradesh also work as local institutions that carry out implementation of government programs in a variety of areas, such as distributing subsidized rice credit, life and property insurance, and pensions. In Andhra Pradesh, banks carry out microfinance business in non-overlapping territories, so that a group can only borrow from one bank.
2 Moreover, a bank only allows a group to have one outstanding loan. Once a loan is obtained by a group, it is immediately allocated among the members (mostly on an equal basis) with the repayment terms (such as interest rate, length, number of installments, etc.) set by the bank. The group cannot obtain loans from the bank in the future until the group has fully repaid the loan.
Previous literatures have discussed several mechanisms through which peers influence a member's repayment decisions (Besley and Coate, 1995; Morduch, 1999; Karlan, 2007) . Positive peer effects, which imply that a higher repayment rate of other members increases one's own repayment likelihood, can be brought about through increasing the cost of defaulting, encouraging more diligent work ethics, and inspiring reciprocity and solidarity within groups. Members in a group are neighbors who know each other well, so they might be able to observe each other's usage of funds and distinguish deliberate default and default due to irresponsible behaviors (such as investing in projects that are too risky, spending on alcohol and tobacco) from default due to unexpected negative shocks. The repaying members can thus impose social penalties to increase the cost of deliberate default and default due to irresponsible behaviors. Social penalties can take the forms of ostracism, not providing help in their production and other activities in the future, and so on. These penalties could be severe in close-knit poor communities where people rely on each other in their daily lives and, to an even larger extent, during times of distress. On the other hand, a member who defaults due to unexpected negative shocks is likely to be forgiven and covered by her peers, which can give her a high incentive to pay back if her situation gets better.
Nevertheless, another mechanism that has been raised in the literature (Besley and Coate, 1995) can result in negative peer effects. This mechanism suggests that some 'bad', nonpaying members may 'free ride' off good, paying members by relying on the paying members' help to repay the loan even though they have the ability to repay on their own; that is, they would repay in individual lending. The fact that the SHGs in Andhra Pradesh also serve as the organization base for programs and activities other than group lending implies that the potential social penalties can be very severe and that the free-rider problem is likely to be small: free-riders are likely to be kept out of the groups through intensive peer selection process or could be dismissed from the group at a later stage and lose access to other programs implemented by the groups.
3 Nevertheless, in our empirical estimation, we do not restrict the direction of peer effects a priori. The positive and significant peer effects found from our estimation imply that a higher repayment (default) rate of other members increases one's own repayment (default) likelihood. This finding confirms that the free-rider problem is dominated by other mechanisms, if it exists at all.
MODEL AND IDENTIFICATION
In this section, we first lay out a model to characterize household decisions in group lending. We then discuss the issue of identification.
Model
In a group lending program, households form groups to get loans from a lender such as a commercial bank. The loan is extended to the group and divided among members. The group as a whole is held liable should one or more members fail to make a repayment. We index group loan by g and member (i.e. household) by i. We denote the choice set of a member i in group loan g by A gi = {0, 1}, where 1 represents a full repayment and 0 otherwise. Let the Cartesian product A g = Â i A gi denote the possible actions of all borrowers and define a g ¼ a g1 ; a g2 ; . . . ; a gN g À Á as an element in A g , where N g is the number of members that participated in group loan g. Let y gi be the characteristics of member i and y g denote member characteristics of all participating members. We assume that y g is observed by all members in the group while allowing some components of y g to be unobserved by researchers.
The utility of member i in group g after the realization of repayment decisions by all members in the loan is
where a gi is the action taken by member i, and a À gi is a vector of actions of other members in the same loan. e(a gi ) is a stochastic preference shock that is i.i.d. across i and additively separable in the utility function as in a standard random utility model. We assume that e(a gi ) is observed only by member i. The key feature of the utility function is the presence of actions taken by others in the loan, a À gi . With e(a gi ) being private information, the above model is a static game with incomplete information. A pure-strategy Bayesian Nash equilibrium in such a game is defined bya
À Á 2 0; 1 f g maximizes the expected utility:
for any i 2 {1, 2, . . ., N}.
We normalize the utility of member i from loan default to be zero, and assume that the normalized e gi (i.e. e(a gi = 1) À e(a gi = 0) in previous notations) has a continuous distribution. We further delineate y g and specify the utility function to take the following linear form:
We denote x g = {x g1 , x g2 , . . ., x gN } and y g = {x g , z g , x g }, with each component to be discussed below. Because of the normalization, the above function captures how member i's utility differs between the two choices (repay in full and default).
The actions of other members in the loan are summarized in a single variable
j6 ¼i a gj , the proportion of members other than i who make full repayments. Following the literature, we use this variable to capture endogenous peer effects as it describes how one member's decision is affected by other members' decisions (Manski, 1993; Brock and Durlauf, 2001) . Peer effects can arise through multiple channels, as discussed in Section 2. Since the default of member i can hinder the ability of other members to obtain credit in the future, other members may impose social penalties to member i in various forms to enforce repayment. The cost of default (or the benefit of repayment) of member i should be higher when more other members choose to repay, holding everything else constant. A positive coefficient g implies positive peer effects, and the larger g is, the stronger are the peer effects, ceteris paribus. Strong positive peer effects could mitigate the adverse effect from adverse selection and moral hazard and help explain the success of many group lending programs. In addition, stronger peer effects give rise to a large multiplier effect through the feedback in member repayment decisions and imply that policy interventions could exert a larger effect than otherwise. Although the above discussion on social penalties suggests positive peer effects and hence complementarity among group members in making full repayment, the free-rider problem as discussed in the previous section implies the opposite. In the estimation, we do not restrict the direction of the coefficient on the peer effect term, g.
The vector x gi represents observed member characteristics, while unobserved member characteristics are summarized by a scalar e gi . z g is a vector of observed group-level characteristics, which include leave-me-out average member characteristics,
j6 ¼i x gj , and their quadratic terms. These variables provide contextual effects as well as help controlling for group-level unobservables. 4 x g summarizes group-level characteristics that are observed by members but not by researchers. The distinction between x g and z g is immaterial from group members' perspective; however, it has important implications for identification and estimation, to be discussed in the following sections.
Group-level unobservable x g may capture group solidarity and reciprocity, weather conditions, risk type, and other common shocks that affect repayment. Some of these components could be the basis for group formation. It is important to incorporate these unobservables in empirical models for the following reasons. First, the information advantage of group members over outsiders, in addition to being plausible, is essential in justifying the idea of group lending (versus individual lending). More importantly, failure to control for these unobservables would lead to overestimation of the importance of peer effects in increasing the repayment rate. For example, in the event of a group's suffering from a common negative shock (e.g. an adverse weather condition), we would wrongly attribute the lowered repayment of a member to peer effects if we do not control for the common shock.
The key difference between our model and previous empirical models in the literature on group loans lies in the fact that we examine the repayment decision of individual members and explicitly incorporate (endogenous) peer effects while controlling for contextual effects. Although there exists a large theoretical literature that hypothesizes the potential of group lending in reducing information asymmetry problem through peer effects, previous empirical literature has largely focused on the repayment decision at the group level where peer effects are proxied by indicators on group heterogeneity and social ties.
5
A typical regression framework is to regress group loan outcomes on group characteristics. None of the previous empirical studies explicitly models and quantifies the importance of endogenous peer effects, which is the focus of our paper.
The above utility specification implies that when making repayment decisions each member needs to make and utilize their subjective beliefs about other members' decisions. We assume that these subjective beliefs are rational, given available information on member and group characteristics. With this assumption, we can use mathematical expectation in lieu of subjective expectation. The expected utility (or ex ante utility with respect to others' decisions) of member i becomes
Therefore, household i will choose to fully repay the loan if and only if U gi (a gi = 1, y g , e gi ) > 0. The optimal choice by member i implies that the ex ante probability of a full repayment (before the realization of private shock, e gi ) is given by
where Φ() is the cumulative distribution of e gi .
Denote the probabilities of full repayment for all members in the group loan g by P g = (P g1 , P g2 , . . ., P gN ). The probabilities that are consistent with the Bayesian Nash equilibrium are therefore defined by the fixed point of the mapping
Ng is a continuous function whose single dimension is represented by equation (5). The existence of a fixed point to the above function follows directly from Brouwer's fixed-point theorem. Nevertheless, the uniqueness of the fixed point is not guaranteed and the implication on estimation will be discussed below.
Identification
In this section, we discuss the identification of the model described by equations (4) and (5). First, we treat the group-level unobservable, x g , as random effects rather than fixed effects. That is, we assume x g is uncorrelated with observed variables x gi and z g . Although treating x g as fixed effects would be less restrictive, Brock and Durlauf (2007) show that binary choice models with social interactions and unobserved group-level fixed effects cannot be identified under common regularity conditions. It is worth noting that, unlike the random-effects model without strategic interactions where the unobservable is assumed to be uncorrelated with all explanatory variables, the common unobservable x g in our model is nonetheless correlated with the key explanatory variable P j 6 ¼ i P gj , an equilibrium outcome. Without loss of generality, we assume E(x g ) = 0. We further assume that the distribution of x g belongs to the family of distributions with the scale property, i.e. x g = sn g , where s is a parameter to be estimated and n g follows some known distribution. We let m e gi ¼ 1 N g À1 P j6 ¼i P gj and define supp(x, z) as the joint support of the distribution of (x g , z g ). We then rewrite equation (5) as
Following Brock and Durlauf (2001), we define the model as being globally identified if for all parameter pairs (g, b, , s) and ( g, b, , s), it must be that g; b; ; s ð Þ¼ g; b;
; s À Á when the following equations (7) and (8) hold for any (x g , z g ) 2 supp(x, z):
for any a g 2A g , where F(n) is the c.d.f. of n g , and
for any i = 1, 2, . . ., N g . Without group-level unobservables, m e gi can be taken as given for the purpose of identification because it is a function of observed variables only, as is done in Brock and Durlauf (2001) . If we were to take m e gi as given in our model, the identification problem boils down to a regular random-effects discrete-choice model which is well established (Chamberlain, 1980; Heckman, 1981) . However, from equation (5), m e gi is a function of x g , z g , as well as n g , which is unobservable to researchers. Because m e gi does not have a closed-form solution and is a function of n g , formally deriving sufficient identification conditions from equation (7) is difficult, even after we impose specific distributions for n g and e gi . Therefore, we rely on Monte Carlo simulations in Section 5.2 to inform identification of our model as well as the performance of our estimation method described in Section 5.1. The simulations provide very positive evidence on both fronts.
To intuitively understand the identification of peer effects coefficient g, imagine that there are two otherwise identical households except that they are in different group loans, and further assume there are no common unobservables. The repayment decisions of the two households may be different solely due to the difference in expected repayment decisions of their peers in the two loans. Intuitively, peer effects are identified from the difference in the two households' repayment decisions in relation to the difference in their peers' expected repayment decisions. In the presence of common unobservables, the group loans with members who make different repayment decisions are essential because the model would not be identified without these loans. For example, drivers of group members making the same decisions in the data could be very large positive shocks for the groups with full repayment or very large negative shocks for the groups that default, even for different sets of parameters. The identification of the distribution of group-level unobservable is based on within-group correlation of repayment decisions among members. A strong correlation (beyond what is implied by common observables) implies a large dispersion of group-level unobservables and vice versa.
4. DATA Our data are mainly from an SHG survey conducted from August to October 2006 in Andhra Pradesh in India. The survey covers more than 3000 SHGs from eight districts which were chosen to represent the state's three macro-regions (Rayalaseema, Telangana, and Coastal AP). The survey contains demographic characteristics of group members (i.e. households) such as caste, occupation, housing condition, land and livestock ownership, and education background. More importantly, the survey recorded from SHG account books the information on all loans that were taken between June 2003 and June 2006. The information includes the terms of each loan and how much a loan had been repaid by each member at the time the survey was conducted. After the survey was done, enumerators obtained each member's poverty category ('very poor', 'poor', and 'middle class') from a census dataset according to household location and name. 6 In this analysis, we investigate 'expired' group loans from commercial banks which had passed their due date by the time of the survey. For the purpose of this study, we need to identify each loan taken by a group as a whole as well as how the loan was allocated among group members. In the survey instrument, information on the loans to the group (group loans) and the allocation of loans to members (member loans) were recorded in two different sections. For member loans, we have information on loan source, borrowing date (month and year), total amount, loan terms, amount repaid, and amount currently overdue. For group loans, we have the same information as member loans in addition to the information on how many members the loan was allocated to. However, no identifiers exist to link the group loans with corresponding member loans. That is, we do not know directly which member loans belong to which group loan. If key information (borrowing date and source) on each member loan was correctly recorded, we can rely on the member loan information only to identify all member loans that belong to the same group loan because a group was not allowed to borrow two loans at the same time from commercial banks. However, enumerators may have made mistakes when copying information from account books or at the data entry stage. If a member loan was missing or any 6 The census dataset contains household poverty status which incorporates both economic and social status. The households defined as 'very poor' are those who can eat only when they get work and who lack shelter, proper clothing, respect in society, and cannot send their children to school. The 'poor' have no land, live on daily wages, and need to send school-going children to work in times of crisis. The 'middle class' have some land and proper shelter, are recognized in society, have access to bank credit as well as public services and can send their children to schools. information on borrowing date or source was wrongly recorded, we cannot correctly identify a group loan based on the information of member loans only.
To deal with this issue, we match the data from the two sections (group loan and member loan) based on borrowing date, source, and total amount of each group loan. We require that the date, source, and loan amount be correctly recorded for each member in the same group in order to obtain a match. Out of the 1916 'expired' loans from commercial banks, 1632 can be matched. We drop the 284 group loans that cannot be matched. In addition, the enumerators could not obtain the poverty category for all members in 513 groups who have 625 'expired' bank loans. Thus these loans are also dropped. The remaining 1007 group loans from 814 groups form the basis for our analysis. Because the loan data were copied from account books, we are confident that the 284 no-matching cases are due to data entry errors in account books or made by enumerators. On the other hand, the issue of missing poverty category occurring in the 625 loans is due either to the failure to match the SHG survey data with the census data or to errors by enumerators. We believe that the problems in both cases are unlikely to be correlated with some unobserved factors underlying repayment decisions. We formally investigate whether the two data selection procedures would introduce bias into our estimation results. First, in one of the robustness checks discussed in Section 6.2, we add the 625 loans (dropped due to missing poverty status) to the 1007 loans for estimation. The estimation results using the larger sample are very similar to those from the 1007 loans. Second, we compare member characteristics between those in the 284 loans (dropped due to non-matching) to the members in the other 1632 loans. We find member characteristics to be similar across these two groups as shown in supporting information Table A .1 in the online Appendix.
We next briefly describe the basic characteristics of the 814 groups and 1007 group loans. These groups have 12 members on average, with the smallest group having 7 members and the largest having 20 members. The groups are from all of the three macro-regions in the province: about 26% of the groups are from Telangana, 38% from Rayalaseema, and 36% from Coastal AP. We define default as failure to make a full repayment at the survey time if the loan was past due by then. Among the 1007 expired group loans, 76% were fully repaid by all members to whom the loan was allocated, 7.5% were fully repaid by some members but defaulted by others, and 16.3% were defaulted by all members. The average loan size was 34,000 rupees (about US $682) and a loan was allocated to 11 members on average.
The 1007 group loans were allocated to a total of 11,037 member loans overall. Panel 1 of Table I presents summary statistics for member characteristics and panel 2 summarizes terms of the 11,037 member loans. Approximately 30% of the members belong to a scheduled tribe or a scheduled caste and 24% are literate. About 6.3% are disabled or have family members who are disabled. About 26% of the members are from very poor households, 54% from poor households, and 20% from middle-class households. About 60% households own some land and 43% own some livestock. Thirty-eight percent live in pucca houses, 37% in semi-pucca houses, and 25%t in kutcha houses. 8 About 62% are agricultural laborers who do not own land or own such small amount of land that they have to provide agricultural labor for others; 15% are self-employed agricultural workers; and 23% have other occupations (such as those self-employed in non-agricultural sectors, employed in non-agricultural sectors and housewives). The data show that most SHG members are from poor and vulnerable households. This is in line with the program's goal to target the rural poor. The average size of member loans was 3110 rupees (about US $62). The average annual rate of interest was 12.5%, which is much lower than the prevailing rate of moneylenders in India. The average duration of a loan was about one year. The majority of loans (97.5%) required the groups to make a repayment at least monthly, if not more frequently.
EMPIRICAL STRATEGY AND MONTE CARLO EVIDENCE
In this section, we first lay out our estimation strategy. We then present a Monte Carlo study to understand model identification and the performance of the estimation method.
Estimation Strategy
To take our empirical model to the data, we assume the normalized preference shock e gi to have a logistic distribution. Normalizing the utility from loan default to zero, the cumulative distribution function Φ() in equation (5) becomes the logistic function: Note: The number of observations (loan member) is 11,037. There are 1007 loans: 768 were paid in full by all members (8485 observations for these loans); 164 were defaulted by all members (1817 observations); and the remaining 75 we paid in full by some but not all members (735 observations). The base group for poverty status is being poor (the middle group). The base group for housing type is semi-pucca house (the middle group). The base group for employment status is other occupations. The base group for the due date is 2004.
There are two challenges in taking the choice probabilities defined by equation (7) to the data. The first one is fundamental in incorporating strategic interactions into the discrete-choice model. It lies in the fact that one of the explanatory variables is unobserved, which is member i's expectation about the average repayment rate among all the fellow members 1 N g À1 P j6 ¼i P gj . Although the observed outcome, 1 N g À1 P j6 ¼i a gj , is a natural choice for the expectation variable, it is correlated with the individual error term, e gi . Owing to the nonlinear nature of the model, the standard instrumental variable method cannot be applied to deal with the endogeneity problem.
As discussed in the model section, we assume that common unobservable x g is uncorrelated with observed variables z g , that x g = sn g , and that n g $ N(0, 1) is independent and identically distributed across loans. For a given set of parameters (g, b, , s) and a random draw of n g for each group loan g, a fixed point algorithm based on equation (7) can be used to recover the choice probabilities for all the members in the group. These probabilities can then be used to form the likelihood function.
The second empirical challenge arises from the possibility of multiple equilibria, which are more likely to occur when peer effects are positive and strong.
9 With multiple equilibria, the probability of an observed outcome is undefined without a specification of the equilibrium mechanism. In principle, one can compute all (and finite) fixed points to the system of equations defined by equation (7) via an all-solution homotopy method (Bajari et al., 2010 ). The likelihood function can then be formed based on all the recovered equilibria and a specified equilibrium selection mechanism. However, this method is very computationally intensive, if not practically infeasible for our data, given the significant time needed to find all equilibria. Instead, we follow one of the approaches in the literature and assume that only one equilibrium is observed in the data if multiple equilibria do arise (Seim, 2006; Ellickson and Misra, 2008; Zhu and Singh, 2009) . This approach specifies which type of equilibrium (such as random or extremal equilibria) is picked in the empirical model. Robustness analysis with respect to this assumption is discussed below.
To illustrate our estimation strategy, let o gi denote the repayment outcome of gi and x g = s * n g , where n has an independent and identically distributed standard normal distribution (across g) and s is the standard deviation of a normal distribution. The joint probability of the observed outcome for group g conditional on a realization of n is
where P(a gi = o gi |x g , z g , n g ) can be obtained based on the fixed points recovered from a system of N g equations defined in (7). The averages of the joint probabilities over many draws of n g are then used to form the likelihood function. The estimation method is simulated maximum likelihood with a nested fixed-point algorithm. For a given set of parameters and a random draw of n g for each g, the fixed-point algorithm recovers the equilibrium repayment probabilities of all members in a group loan based on equation (7). These probabilities are then used to evaluate the likelihood function. This empirical strategy is computationally demanding since the fixed-point algorithm has to be carried out as many times as the number of draws for n g for each group. To reduce computational burden, we use GaussHermite quadrature to approximate the joint probabilities. Because the choice probabilities can be highly nonlinear, we use as many as 64 points for the approximation of the joint probabilities, recognizing the trade-off between approximation accuracy and computational burden. Robustness checks are performed with respect to approximation and are discussed in the next section. We also check its performance against Halton draws and find quadrature to be favorable.
Monte Carlo Evidence
In this section, we conduct Monte Carlo simulations to investigate model identification and the estimation method. To generate data, we randomly choose 504 (out of 1007) group loans from our data. We arbitrarily pick four member attributes and two loan characteristics to reduce computational burden. Based on these observed member characteristics, we generate leave-me-out average member characteristics to include as additional controls. Adding group size and a constant term, we have 12 observed variables to generate repayment outcomes.
We perform Monte Carlo simulation for two sets of parameter values as shown in Table II . We assume that the group-level unobservable has a normal distribution with mean zero in both cases. The standard deviation is assumed to be six in the first case and three in the second. In each simulation replication, we first draw group-level unobservables from the normal distribution; we use equation (7) to compute expected repayment probabilities m e based on parameter values and observed variables. With random draws of the error term for each member, we obtain repayment decisions following equation (4). We then proceed to estimate model parameters using the simulated MLE method proposed above. We conduct 100 simulation replications for either parameter set.
The first three columns in Table II presents Monte Carlo results for the first set of parameters. The average repayment rate based on generated data (across 100 replications) is 86%. Among the 504 group loans, about 74% are fully repaid by all members and roughly 8% were defaulted by all members. These repayment outcomes are similar to what we observe in the data. All the parameters are recovered reasonably precisely: none of the estimates is statistically different from the true value at the 5% significance level and none except one is statistically different from the true value at the 10% significant level.
The last three columns in in Table II provide results for the second set of parameters, whose values are half of those in the first set. The average repayment rate from the generated data is 83%. About 63% of the 504 group loans are fully repaid by all members and 3% defaulted by all members. The simulation results show that none of the parameter estimates is statistically different from the true value at any conventional significance level. These Monte Carlo simulations suggest that the empirical model is identified and that the estimation method performs well.
RESULTS AND ROBUSTNESS ANALYSIS
We first present estimation results for several specifications with different explanatory variables. We then show results from robustness checks and discuss two caveats of our analysis.
Results
Table III presents parameter estimates and standard errors for five specifications, adding more control variables sequentially. Because the parameter estimates cannot be compared directly across the specifications, we present the sample averages of the partial effects for selected specifications in supporting information Table A. 2. The first model is a logit model with member characteristics and loan characteristics only. The coefficient estimates largely have expected signs from the standpoint of individual loans. For example, the probability of full repayment is negatively correlated with being in the scheduled caste, being the poorest family, and living in a kacha house, all of which could reflect poor economic status of a family. On the other hand, not being poor and being a self-employed agricultural worker, representing favorable economic status, are associated with higher repayment probability. In terms of loan characteristics, larger loan amount, higher interest rate, longer duration, and lower frequency are all associated with poorer repayment performance. The second model adds 24 group-level variables including the (leave-me-out) average characteristics of the members participating in the loan and their quadratic terms (shown in Table I ). These variables are used to capture contextual effects and many of them have statistically significant coefficient estimates (not shown in the table to save space). The estimated effects of most member characteristics disappear in this specification, likely due to the fact that the group characteristics are averages of member characteristics. Nonetheless, the effects of loan characteristics are largely intact. The third model controls for unobserved heterogeneity and is estimated using simulated MLE. The unobserved heterogeneity is assumed to have a normal distribution with zero mean. The standard deviation of the distribution is estimated to be quite large and statistically significant. As a result, the model fit is improved dramatically. This perhaps is not surprising given that in about 92.5% of group loans members make the same repayment choices.
The fourth and fifth specifications are the model described by equation (4) where the expected repayment rate of other members in the loan is used to capture peer effects. The estimation is done using the procedure outlined in Section 5. The fourth specification includes group size and 11 average member characteristics but not their quadratic terms, while the fifth specification, our preferred model, includes the averages and their quadratic terms. The coefficient estimate on the peer effect variable in both specifications is positive and statistically significant at any conventional level. Similar to the third specification, the coefficients on member characteristics are not statistically significant. The comparison across the five specifications suggests that the choice of modeling unobserved heterogeneity and peer effects could have important impacts on parameter estimates of member and loan characteristics. The causal interpretation of member and loan characteristics on the repayment rate hinges on the assumption that the group-level common unobservable are uncorrelated with these observed variables. A cautious approach is to interpret the estimated effects of observed household and loan characteristics on repayment decisions as correlation rather than causality, noting that our main interest in this paper is in peer effects.
In supporting information Table A .2, we present two types of partial effects: direct partial effects and total partial effects averaged over the sample for specifications 4 and 5. The difference between the two is that the total partial effect incorporates the feedback/indirect effect transmitted through peer effects. That is, a change in the characteristics of household i will not only have a direct effect on its repayment propensity but also an indirect effect through its influence on other households in the loan. For instance, the direct and total partial effects of being literate are estimated at À 0.006 and À 0.018, respectively in the fourth specification. This means a change of household i's status from being illiterate (the base group) to being literate would be associated with an decrease in the repayment probability by 0.6%, holding everything else (including other households' repayment probabilities) constant. However, a change in household i's repayment decision would change others' repayment decisions in the same group loan due to the presence of peer effects, which would in turn affect the repayment decision of household i. The total partial effect is the partial effect when the new equilibrium has been achieved and should be larger than the direct partial effect in the presence of positive peer effects. Based on our model estimation, the total partial effect of the literacy status changing from illiterate to literate is À 0.018-three times as large as the direct partial effect in magnitude. Interestingly, although the direct partial effect is not statistically different from zero, like the coefficient estimate on the literate dummy itself, the total partial effect is at the 10% level. The total partial effects for other variables are also about three times as large as the direct partial effects in models 4 and 5. The ratio between these two types of partial effects suggests the multiplier effect to be around three, which is dictated by the coefficient on peer effects (g). Table A .2 also reports the partial effect of group characteristics that capture contextual effects. All except group size are leave-me-out average member characteristics. From model 5, a larger share of other families in the group with disabled members or living in a kacha house, both representing adverse situations, is associated with a negative effect on one's repayment probability. On the other hand, a larger share of landowners in the group is associated with a positive effect on one's repayment outcome. In contrast to the free-riding concern, our results show that a bigger group is associated with higher repayment rates. As discussed in Section 2, the free-riding problem could be mitigated by the peer selection process and offset by stronger peer effects that come with larger groups, as suggested by one of the additional specifications (model s7 in supporting information Table A. 3).
The (sample average) total partial effect of the peer effects variable, E(P À i ), on repayment probability is estimated to be 0.138, compared to the direct partial effect of 0.040 in specification 5, our preferred specification. To understand these estimates, imagine a group with 11 members: Members 1-10 receive positive shocks (e.g. an increase in e gi ) such that each one's repayment probability increases by 0.1, holding other factors constant; therefore, for member 11, E(P À 11 ) increases by 0.1. The direct effect of this increase of 0.1 on member 11's repayment probability is 0.4%. This will in turn change other members' repayment decisions. Under the new equilibrium, the repayment probability of member 11 will increase by 1.38%.
In the following, we focus on treatment effects (TE) as the measure to quantify the importance of peer effects. We define TE on a given member as the difference in repayment probability between one scenario where all other members make full repayments and the other scenario where no other members repay their loan, holding other factors the same across the two scenarios. Based on the parameter estimates in the preferred model (model 5), the average repayment rate across all observations would be 74% if E(P À i ) = 0, compared with 85.7% if E(P À i ) = 1. Therefore, the treatment effect across all observations is about 11.7 percentage points, which provides a similar quantification of the importance of peer effects from total partial effects. We also examine the potential importance of peer effects in non-repaying loans where at least one member defaults. The average repayment rate among these observations would be 72.5% if E(P À i ) = 0, compared with 84.7% if E(P À i ) = 1. The TE among non-paying groups is about 12.2 percentage points-only slightly higher than the treatment effect from the full sample.
Robustness Analysis and Caveats
To check the sensitivity of our findings to model specifications and assumptions, we conduct a variety of robustness checks. Table IV presents results for five different specifications and supporting information Table A .3 provides five additional robustness checks.
The five specifications in Table IV investigate the implications of modeling contextual effects and unobserved heterogeneity. Models S4 and S5 in Table IV correspond to models 4 and 5 in Table III , while models S1 and S3 are new. Model S1 does not control for group-level characteristics, both observed and unobserved. The average treatment effect is estimated to be 0.383 across the full sample and 0.406 among non-paying groups, compared to the estimates of 0.117 and 0.122 from our preferred model S5. This finding suggests that the impact of peer effects on repayment rate would be largely overestimated if contextual effects and unobserved heterogeneity are ignored. Model S2 adds 24 group-level variables, which increased the pseudo-R 2 slightly from 0.076 to 0.095. However, the sample average treatment effect decreases substantially from 0.383 to 0.218. Model S3 controls for unobserved heterogeneity but does not include group-level characteristics. The model fit is improved dramatically over the first two models. The average treatment effect is estimated at 0.142. Model S4 adds 12 average member characteristics but not their quadratic terms. The average treatment effect is estimated at 0.14. These cross-specification comparisons highlight the importance of controlling for both contextual effects and unobserved heterogeneity. The additional robustness checks presented discussed in supporting information Table A .3 confirm that our findings of peer effects from model S5 are robust to the following modeling assumptions: nonlinearity of peer effects (model S6 in Table A. 3), heterogeneity of peer effects (model S7), distribution assumption on unobserved heterogeneity (model S8), quadrature approximation of repayment probabilities (model S9), group-level unobservables (model S10), and sample selection.
Two caveats are worth mentioning regarding our empirical analysis. The first one, a common challenge in empirical studies of games, concerns multiple equilibria. As discussed above, in the presence of multiple equilibria the likelihood is not well defined without an equilibrium selection mechanism. Theoretically, one can incorporate the algorithm for finding all possible equilibria in the estimation, but it is likely to be computationally prohibitive in our context. We follow the literature and assume that only one equilibrium is played in the data. In practice, we draw the starting values for the fixed-point algorithm randomly from the uniform distribution. Nevertheless, the starting values are fixed across parameter iterations. The algorithm stops once it reaches a fixed point, which is assumed to be the equilibrium played in the data. To check the robustness of the solution to the starting value (hence the equilibrium selected in the case of multiple equilibria), we re-estimate the baseline model twice with the starting value being a vector of ones as well as a vector of zeros (Zhu and Singh, 2009 ) and the results are almost identical to those reported in Table III .
The second caveat of our analysis is related to the choice of modeling the repayment decision in a static game. The loans are usually repaid in multiple installments where members' decisions in previous installments are observed by all. The repayment decisions should be better thought as coming out of an inherently dynamic process. However, the lack of data on each installment precludes us from estimating a dynamic game where the repayment decision of each installment could be modeled explicitly. Instead, our static model abstracts away from multiple repayment decisions made by a member for a given loan and assumes that each member makes a single repayment decision. Therefore, our model could miss potentially important elements in group loans such as peer effects in the temporal dimension (temporal peer effects). Nonetheless, to the extent members can make up their missed payments from earlier installments before the final one, repayment decisions in earlier installments might matter to a lesser extent than the decision in the final installment.
In addition, our static model is not able to examine learning effects that could exist in the process of multiple installments. One member's decisions in previous installments could reveal additional information that other members do not already know, such as current and future financial conditions of that member. The information could then affect other members' expectations on this member's next payment decisions. These two issues are different in nature and should receive different modeling treatment. Temporal peer effects imply that one's payoff (or penalty) from a certain repayment decision is affected by previous decisions of others. On the other hand, to model learning, one would need to incorporate a member's past decisions into peers' expectations of her future decisions. We believe that when appropriate data are available these should be interesting issues to examine.
CONCLUSION
Despite the common belief that peer effects play a significant role in group lending, for example by mitigating the moral hazard problem, how quantitatively important those effects are has remained an unanswered question. We examine the importance of endogenous peer effects by modeling members' repayment decisions as a static game of incomplete information. In our model, group members make their repayment decisions simultaneously based on individual characteristics, loan characteristics, group characteristics, and the expectation of other members' repayment decisions.
Using a rich dataset from a group lending program in India, we find large and positive endogenous peer effects: everything else being equal, the probability of a member's making full repayment would be 12 percentage points higher on average if all the other members in the group repay in full compared with a scenario in which none of the other members makes full repayment. The empirical finding supports the conjecture highlighted in the theoretical literature that peer effects may be an important factor behind the success of group lending programs. Unlike contextual peer effects focused by the previous literature, the strong endogenous peer effects identified in our analysis suggest a multiplier effect of about three. That is, a policy that could encourage individual repayment would have large positive spillover effects on other members. This in turn points to the importance of group formation in the early stage of a microfinance program and group development and enhancement thereafter in order to cultivate and maintain strong positive peer effects.
In addition to being able to quantify peer effects directly, our analysis demonstrates the importance of explicit modeling of strategic interactions inherent in group lending programs. We find that significant differences could emerge between our approach and traditional ones in understanding the determinants of repayment decisions. This research represents a first attempt to use a game-theoretical framework to empirically investigate the performance of group lending programs. There are many interesting questions yet to be answered that necessitate either richer data or more flexible modeling strategy. These questions include peer selection, learning, heterogeneity in peer effects, and the implication of such heterogeneity on group survival as well as on the design of group lending programs.
